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ORGANISATIONAL

+

The talk is structured into three main parts:

1. Overview and results (Philipp Arras)
2. Prior and likelihood (Philipp Frank)
3. Inference scheme and validation (Jakob Knollmiiller)

+

The presentation material (including the videos) is available at:
https://philipp-arras.de/2021cfa.html
+ Our paper [AFH*20] is available at:
https://arxiv.org/abs/2002.05218
The imaging code is available under GPL license (see link in paper).

+


https://philipp-arras.de/2021cfa.html
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STARTING SITUATION

+ Uncertainty quantification via multiple
independent imaging teams
+ Independent imaging for each observing day
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Figure 1: M87* on day 0 imaged with
ehtimaging [AAAT19b]. Saturated
color bar.



IDEA

Product Rule of Probabilities (Some) assumptions

aka + The brightness is :
P(s|d) = P(d|s) P(s) + The source features in
P(d) spatial, temporal and frequency
P(A|B): conditional probability, direction.

s: parameters, d: data. — Encoded in P(s).



IDEA

Product Rule of Probabilities (Some) assumptions

aka + The brightness is :
P(s|d) = P(d[s) P(s) + The source features in
P(d) spatial, temporal and frequency
P(A|B): conditional probability, direction.
s: parameters, d: data. — Encoded in P(s).
In our case

+ Correlation structure — full 4d-movie: sky brightness has shape (2, 28, 256, 256).
+ The posterior P(s|d) is a ridiculously high-dimensional function:

R — R20
S — P(s|d)

+ This function encodes our knowledge on M87* including



ehtimaging, [AAAT19b], day 6.



ehtimaging, [AAAT19b], day 5.



ehtimaging, [AAAT19b], day 1.



ehtimaging, [AAAT19b], day 0.



vlbi-resolve, [AFHT20], day 0.



vlbi-resolve, [AFHT20], posterior mean.
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DATA CONSISTENCY
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Figure 2: Three closure phases for triples of antennas as a function of time.



RING FITTING (SEE [AAA119B, TABLE 7])

d (pas) w (pas) n(°) A fe

EHT-IMAGING [AAAT19D]
April 5 39.34+1.6 16.242.0 148.3 £ 4.8 0.254+0.02 0.08
April 6 39.6£1.8 16.2+£1.7 151.1+ 8.6 0.25 4+ 0.02 0.06
April 10 40.7+£1.6 15.74+2.0 171.2 £ 6.9 0.23£0.03 0.04
April 11 41.0+1.4 155418 168.0+6.9 0.20£0.02 0.04
OUR METHOD

UNCERTAINTY AS PER [AAAT198B, TABLE 7])
April 5 444 +3.4 232452 164.9 9.5 0.26 & 0.04 0.365
April 6 L4 +£29 233454 161.7 £ 5.6 0.24 +0.04 0.374
April 10 448 +2.8 23.0%+5.0 176.7 £ 9.8 0.22 £0.03 0.374
April 11 446 £2.8 22.8+4.8 180.1+10.4 0.22+0.03 0.372

SAMPLE UNCERTAINTY
April 5 441412 231+£2.4 163.9 £ 5.0 0.254+0.03 0.377+£0.081
April 6 440112 229+2.4 161.9 £ 6.0 0.244+£0.03 0.385+0.085
April 10 446 4+12 229425 176.2 £ 6.5 0.224+0.03 0.383 £ 0.089
April 11 446 £1.2 23.0£2.6 179.8 £ 6.2 0.22 £0.03 0.383 £ 0.090




RESULTS
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Figure 3: M87* on day 0 imaged with Figure 4: M87* on day 0 imaged with our
ehtimaging [AAAT19b]. Saturated color bar. algorithm [AFH*20]. Saturated color bar.
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Product Rule of Probabilities aka

P(s|d. M) = P(d|s, M) P(s|M)

P(dM)

Definitions: s := parameters, d := data, M: model assumptions.
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INFERENCE MODEL

Product Rule of Probabilities aka

P(d]s(€), M)N(£]0, 1)
P(dIM)

Definitions: £ := parameters, d := data, M: model assumptions.

P(ld, M) =

Generative prior model: 5(¢) = Fy(€) with  P(&) = MV (£]0, 1)
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PRIOR

Sky brightness distribution
xeEQCR, telcR, veVCcRt

Prior assumptions:
Positivity, exponential scaling Sty
Exploit correlations (Tx.t,w TX/,E/,VQP(T)
e Independent correlations
e Homogeneity and isotropy

e

Clx,t,v, X, U, 1)

C(x,x") C(t, ) CY(v,v)
CE(Ix = x]) C'(jt—t]) C“(jv—v])
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Prior assumptions:
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= (' fully determined by associated power spectrum P'(|k|) Vie {Q,1,V}



PRIOR

Sky brightness distribution
Swv XEQCR, telCR, veVCRt

Prior assumptions:

Positivity, exponential scaling Sxty = e’
Exploit correlations (Tx.t,w TX/,E/,VQP(T) = C(x, tyx,t, )

e Independent correlations = C%(x,x") C'(t, ') CV(v,v")

e Homogeneity and isotropy = C(x—xX]) C(t—-t] c"(v-v))

= (' fully determined by associated power spectrum P'(|k|) Vie {Q,1,V}
Uninformative = P(r)=N(7]0,C)
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PRIOR - CORRELATIONS

PO(|R]) = 90 with [ = log(|k|)
0°q .
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PRIOR - CORRELATIONS
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PRIOR - CORRELATIONS

PO(|R]) = e with [ = log(|R|)

e oq P(&q) = N (&]0,1) Integrated Wiener Process

PUKD)
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PRIOR - CORRELATIONS
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PRIOR - CORRELATIONS

24



Xy, t, vy

B
S B B O
R e
Sl
i

i

05

Time t

a Kouanbaiy

25



s(x,y,t,v)

05

i

Time t

a Aouanbaiy

26



s(x, y,t,v)

2328333
i

05

Time t

a Kouanbaiy

27



s(x,y,t,v)

05

i

Time t

a Aouanbaiy

28



s(x, y, t,v)
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LIKELIHOOD




THE EVENT HORIZON TELESCOPE (EHT)

[AAAT193]

31



THE EVENT HORIZON TELESCOPE (EHT)
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LIKELIHOOD

+ Visibility data d and thermal noise level o reported by [AAAT19a]
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LIKELIHOOD

+ Visibility data d and thermal noise level o reported by [AAAT19a]
+ Direct imaging using visibilities is challenging for VLBI

= Imaging using closure quantities (phases ¢ and logarithmic amplitudes p9)
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LIKELIHOOD
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LIKELIHOOD

P (¢0sl5) =

P (P?losb)

Posterior distribution

2
’¢cos I¢cos J[ —

N( os|e MNM) with N = d|ag<|d2>

N( s|pilovaNLT>

(£|¢clos’ Pcl os) x P (¢clos|5 (f)) P (pglos|s (5)) N(f‘o, ]l)

with generative prior s (&) = Fu (€)
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VARIATIONAL INFERENCE

Kullback-Leibler Divergence

Q,(€)
P(¢ld)

Dia(QOIP(El) = [ d Q) In
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Q,(€) = N(¢I€,2)
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full-covariance



mean-field



Q,(€) = N(¢I€,2)

1

=(&) = (O a(®)(E) + 1)~

Inverse Fisher metric



Q,(€) = N(¢I€,2)

1

=(&) = (O a(o)(©) + 1)

Inverse Fisher metric

oM (d]|6) HH(d|0)
e = 3 () = < a0 001 >7>(d|9)
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) 2
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N 2
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PRACTICAL CHALLENGES FOR VLBI

+ Nonlinear optimization

Stochastic loss function

+

+

No absolute source position or
brightness
Multi-modality

+ Multiple source copies
+ “Source Teleportation”

+

40



INFERENCE HEURISTIC

Tteration | Data Set | Tempering ‘ Optimizer ‘ Sample Pairs
i=0 i>0 i>0 i>0 i>0
+ Initially fit model to Gaussian shape it o dags | o
. i>10 V-LBFGS
+ Start with data of the first two days 4x vy
o i>30 alternatin
+ Alternate between phase and amplitude et N=10x(1+i//8)
likelihood
+ Reduce stochasticity of loss towards the ol days 290 2o
Natural Gradient
end full likelihood 20 iterations
=259

4



VALIDATION




STRATEGY

+

Synthetic source

+

Generate data according to EHT
observation

+

Reconstruct

+ Compare to truth




STATIC SOURCE: SIMULATION




STATIC SOURCE: SIMULATION




STATIC SOURCE: DISK




DYNAMIC SOURCE: GAUSSIAN SHAPES




DYNAMIC SOURCE: CRESCENT




HYPERPARAMETER VALIDATION

[ =) + ofef) \ | o0 ol |

logarithmic coordinates I = log(|k|)
FO(1) = mD1 4 7@ m [!2' 5'(;,)(”) drdr,

TO = [ o7 W) die Amplitudes

N

+

In total 15 hyperparameters

+ Specifying mean and variance

PRI A =pO(lk) =
alV) = et ot

= g =)
VO = [, doO Amz(%_[“m (F@) o dg(«)) Am|

+ Draw mean hyperparameters within a
uniform 3o interval

N
acomnte o] A =a®eyd? |

Perform 100 reconstructions

+

Image s = ¢"/[dze”
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RING PARAMETERS

d [,uaS], April 10 w [Iuas], April 10

44 46 48 15 20 25
A[1], April 10 1 [°1, April 10

0.175 0.200  0.225 0.250 150 160 170 180
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VALIDATION

+ Reconstruction works on various
sources

+ We recover dynamics

+ Results are widely insensitive to
hyperparameters

+ Room for improvement in the inference
heuristic
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CONCLUSION

Differences to [AAAT19b]
+ Uncertainty quantification via multiple
independent imaging teams

+ Independent imaging for each observing day

50 uas
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Figure 5: M87* on day 0 imaged with
ehtimaging [AAAT19b]. Saturated

color bar.
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CONCLUSION

Differences to [AAAT19b]
+ Intrinsic uncertainty quantification

+ Temporal correlations — full 4d-movie
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Figure 5: M87* on day 0 imaged with
ehtimaging [AAAT19b]. Saturated

color bar.
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CONCLUSION

Differences to [AAA*19b]
+ Intrinsic uncertainty quantification

+ Temporal correlations — full 4d-movie

50 pas
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Figure 5: M87* on day 0 imaged with
vlbi-resolve [AFH"20]. Saturated
color bar.
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CONCLUSION

Differences to [AAA*19b]
+ Intrinsic uncertainty quantification

+ Temporal correlations — full 4d-movie

Some aspects

+ (time, frequency, space)
— resonstruction of M87*
I + is non-parametrically learned
0.02 0.04 0.06 0.:)8 0.‘]0 O.l12 0.‘14 from the data
Cilondl + treatment despite huge problem size (10’
dofs)

Figure 5: M87* on day 0 imaged with
vlbi-resolve [AFH"20]. Saturated
color bar.
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QUESTIONS? DISCUSSION!
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SPECTRAL DEPENDENCY
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relative spectral index standard deviation

Figure 6: The relative spectral index and the pixel-wise uncertainty, as calculated from the
227-229 GHz channels.



REDUCED y?

April5 April6 April 10 April 11

Simulation 12,1.0 13,12 14,13 11,11
Disk 1.6,1.2 14,13 1514 13,12
Double Sources  1.2,1.1  1.2,1.1 1.3,1.3 1.4,1.1
Crescent 1.2,1.0 1.3,0.9 1.0,0.9 1.4,1.1
M87* 11,09 1.1,0.8 1.1,0.9 1.1,0.9

Table 1: The y? of the reconstruction for closure (phase, amplitude).
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